Global mapping of gene/protein interactions in PubMed abstracts: A framework and an experiment with P53 interactions  by Li, Xin et al.
www.elsevier.com/locate/yjbin
Journal of Biomedical Informatics 40 (2007) 453–464Global mapping of gene/protein interactions in PubMed abstracts:
A framework and an experiment with P53 interactions
Xin Li a,*, Hsinchun Chen a, Zan Huang b, Hua Su a, Jesse D. Martinez c
a Artiﬁcial Intelligence Lab, Department of Management Information Systems, The University of Arizona, McClelland Hall, 1130 East Helen Street,
Tucson, AZ 85721-0108, USA
b Department of Supply Chain and Information Systems, Smeal College of Business, The Pennsylvania State University, University Park, PA 16802, USA
c The Arizona Cancer Center, The University of Arizona, 1515 North Campbell Avenue, Tucson, AZ 85724, USA
Received 25 March 2006
Available online 17 January 2007Abstract
Gene/protein interactions provide critical information for a thorough understanding of cellular processes. Recently, considerable
interest and eﬀort has been focused on the construction and analysis of genome-wide gene networks. The large body of biomedical lit-
erature is an important source of gene/protein interaction information. Recent advances in text mining tools have made it possible to
automatically extract such documented interactions from free-text literature. In this paper, we propose a comprehensive framework
for constructing and analyzing large-scale gene functional networks based on the gene/protein interactions extracted from biomedical
literature repositories using text mining tools. Our proposed framework consists of analyses of the network topology, network topolo-
gy–gene function relationship, and temporal network evolution to distill valuable information embedded in the gene functional interac-
tions in the literature. We demonstrate the application of the proposed framework using a testbed of P53-related PubMed abstracts,
which shows that the literature-based P53 networks exhibit small-world and scale-free properties. We also found that high degree genes
in the literature-based networks have a high probability of appearing in the manually curated database and genes in the same pathway
tend to form local clusters in our literature-based networks. Temporal analysis showed that genes interacting with many other genes tend
to be involved in a large number of newly discovered interactions.
 2007 Elsevier Inc. All rights reserved.
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Biological research has made it clear that cellular
processes are controlled by interactions between genes,
proteins, and other molecules. Detailed characterization
of interactions between individual genes or proteins has
been one of the focuses of traditional biological research.
A new area known as network biology, which can be
attributed to the recent advances in genomic technology,
has emerged and many studies have tried to construct
and analyze gene/protein interaction networks at a gen-1532-0464/$ - see front matter  2007 Elsevier Inc. All rights reserved.
doi:10.1016/j.jbi.2007.01.001
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E-mail address: xinli@email.arizona.edu (X. Li).ome/proteome-wide scale to describe their global charac-
teristics [1]. (Gene/protein interactions in this paper
include interactions between two genes, two proteins, or
between a gene and a protein.)
Most studies in network biology rely on large-scale
experimental data or manually collected knowledge to con-
struct the networks. However, these studies are limited by
the noise in experimental data and the intensive labor
required for manual compilation of data. Previously,
Barabasi and Oltvai [1] suggested using more advanced
experimental tools for better biomedical interaction identi-
ﬁcation and quantiﬁcation. Sharom et al. [2]proposed inte-
grating diﬀerent kinds of experimental datasets for better
performance.
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gene/protein interactions, can be an important data source for
studying gene/protein interaction networks. Recent advances
in text mining techniques make it possible to utilize high-cov-
erage biomedical literature repositories, such as PubMed, to
automatically extract gene/protein interactions and construct
the corresponding networks. Such literature-based networks
are valuable for characterization of the accumulated knowl-
edge regarding gene/protein interactions. They also represent
the collective human eﬀort in knowledge exploration over a
relatively long time span.
In this paper, we propose a framework for constructing
and analyzing gene/protein interaction networks automat-
ically extracted from biomedical literature. In this frame-
work, we map the proteins to their encoding genes and
study the interaction network at the gene level. We refer
to this kind of abstract interaction, which contains both
gene and protein interaction information, as gene function-
al interaction and these networks as gene functional net-
works [3]. We demonstrate the application of our
mapping framework using the literature abstracts extracted
from PubMed that are relevant to the gene P53 (a central
player in cell cycle regulation and cancer development) as
our testbed.
2. Background
Cellular regulatory pathways and networks that consist
of gene functional interactions control many important
biological processes in a cell [4]. As an important topic in
system biology in general, numerous eﬀorts have been
made to construct gene functional networks using diﬀerent
types of information sources [3]. Understanding and ana-
lyzing such gene functional networks holds great potential
to untangle the complexity of the underlying cellular pro-
cesses [1,2]. Network visualization provides an intuitive
presentation of gene interaction relations that allows
researchers to easily understand the network structure of
the relationships. It also enables the researchers to perform
a wide range of information exploration tasks much more
eﬀectively and eﬃciently than a textual presentation [5].
However, network visualization is usually more eﬀective
with relatively small size networks. This is due to the limi-
tations of visualization algorithms and screen size and
more importantly the human cognitive capabilities. For
networks with hundreds of nodes, it is typically diﬃcult
to capture the structural properties visually. To understand
the global structure of large-scale gene functional networks
and other biological networks, network topological analy-
sis methods have been applied in biomedical research.
Network topological analysis employs various statistical
measures to characterize the topology of a large-scale com-
plex network. These measures describe the important
quantitative features such as the distance between nodes
(average path length), tendency for the nodes to form clus-
ters (clustering coeﬃcient), and node degree distribution.
Three important random graph models, the Erdos–Renyimodel [6], the small-world model [7], and the scale-free
model [8], have been the major analytical tools for under-
standing the governing principles of network topology.
Recent empirical literature shows that the models could
describe topological characteristics across a wide range of
natural, social science, and technical networks [9].
Network topological analysis has been applied in many
studies of various types of biological networks. We brieﬂy
review related studies on network biology and propose a
taxonomy that characterizes biological network analysis
in three dimensions: network types, data sources, and
research focuses.
Based on the diﬀerent levels of integration of cellular
processes, the biological networks can be classiﬁed into
four types: gene interaction networks, representing genome
(or transcriptome)-wide interactions [10–12]; protein inter-
action networks, representing proteome-wide interactions
[13,14]; signal transduction networks, for interactions
between genes, proteins, and other cellular signaling mole-
cules [15,16]; and metabolic networks, for biochemical
interactions between substrates and enzymes [17].
Biological networks can be constructed based on diﬀer-
ent types of data sources using a variety of analytical meth-
ods. High-throughout experimental data, such as
microarray [10,12], data from mass spectrometric analysis
[18,19], and two-hybrid screening [13,20], is widely used
in constructing gene or protein interaction networks. The
existence of signaling and biomedical interactions can be
determined using various analytical methods, including
gene coexpression [21], transcriptome similarity [22], muta-
tion screening [12], and so forth.
Manually curated ontologies or knowledge bases are
created by domain experts based on previous research
and literature. In some research, the biological interactions
documented in knowledge bases, such as molecule reac-
tions, are directly used in the construction of the biological
network [17,23,24]. Other research uses relations deﬁned by
an ontology, e.g., genes in the same GO functional group
are considered related to each other [25].
Biomedical literature is another resource from which
biological interactions can be extracted using statistical or
Natural Language Processing (NLP) methods. The extract-
ed interactions often take the form of binary relations
between entities such as genes, proteins, or substrates. Most
current studies try to map the entity co-occurrence relations
in the literature to biological relations [26]. Chen and Sharp
developed a system which incorporates NLP tools to parse
syntactic gene relations from the searched PubMed
abstracts using keywords. They reported the gene degree
distribution of some parsed relation network examples [27].
Biological network analysis research focuses on three
areas: network topological characteristics, local structures,
and topology–function relationships.
• Research on network topological characteristics
describes the global structure of the biological network
by topological measures and models. Small-world and
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structure of gene interaction networks [25,28], protein
interaction networks [13,20], signal transduction net-
works [29], and metabolic networks [17,30,31]. A hierar-
chical structure model has also been proposed [32] to
describe the structure of metabolic networks and other
complex networks.
• Research on network local structures focuses on the
common characteristics among a subset of closely relat-
ed genes or proteins. Many studies have discovered that
network motifs, i.e., recurrent interconnection patterns,
exist in gene interaction networks [10,23] and protein
interaction networks [14].
• Research on topology–function relationships investi-
gates the correlation between certain biological func-
tions and network topological characteristics. Jeong
et al. [30] found that high degree genes in a gene interac-
tion network are more essential in cellular processes. It
has also been found that genes in the same pathway
[33], proteins in the same function group [20], or the
same cellular localization [20] have a higher chance of
interacting and forming clusters.
Table 1 summarizes the above dimensions with some
examples.
Previous analyses have identiﬁed several important
topological characteristics of diﬀerent types of biologicalTable 1
A taxonomy for biological network analysis study
Dimension Type Description
Network
types
Gene interaction networks Networks represent the interac
Protein interaction networks Networks represent the protein
Metabolic networks Networks represent the relation
the same metabolic pathway
Signal transduction
networks
Networks represent the for inte
proteins, and other cellular sign
Data
Sources
Experimental data Relations or correlations derive
data
Manually compiled
ontology or knowledge base
Interactions curated by experts
Literature-based data Relations parsed using NLP to
Research
Focus
Topological characteristics Topological measures and mod
Local structures Special local structures and clu
Topology–function
relationship
Correlation between topologica
biological functionsnetworks based on experimental data and manually curat-
ed data. Experimental data can provide a complete cover-
age of the genome (often tens of thousands of genes), but
it contains a signiﬁcant amount of noise and is limited to
particular experimental conditions. Manually curated data
is noise-free, but it requires intensive labor by domain
experts. With the rapid development of biomedical
research it has become even more diﬃcult to collect biolog-
ical interactions manually.
Using modern text mining techniques to automatically
extract gene/protein relations from a large body of biomed-
ical literature could be another way to construct gene func-
tional networks. The biological literature documents the
most important discoveries and provides an abundant
resource of gene functional relation information, which
has been validated by the experiments conducted by the
authors and checked by the reviewers. Such biomedical lit-
erature is a large-scale resource for high-quality gene inter-
action information.
As an example of biomedical literature repositories, Pub-
Med had collected about 16 million articles by the end of
2005 and hundreds of newly published articles are added
to the collection every day. The scale of the biomedical liter-
ature necessitates the application of text mining techniques
to automatic information extraction. Currently several tools
have been developed to automatically extract gene/protein
entities, gene/protein functions [34], and gene/protein inter-Examples
tions at the gene level S. cerevisiae [10–12]
Mammalian [28]
P53 [33]
interaction relationship S. cerevisiae [13,14,20]
ship of the substrates in E. coli [17,31]
43 organisms [30,32]
65 organisms [24]
ractions between genes,
aling molecules
S. cerevisiae [10]
E. coli [23]
Cancer protein [16]
d from the experimental Two-hybrid [13,20]
Microarray [10–12,21,18]
based on prior knowledge GO [25]
Manually compiled [17,23,31,33]
Knowledge base [14,20,24]
ols or co-occurrence tools Genes parsed from abstracts searched from
PubMed by some keywords [27]
els Small-world [17,25]
Scale-free [13,20,25,28,31]
Hierarchical structure [32]
Giant strong component [24]
sters Network motif [10,14,23]
High tendency to cluster [12,21]
l characteristics and High degree node -> essential [30]
Correlation between network structure and
protein function and location [20]
Small world -> central metabolites [24]
Small world -> gene evolution [11]
Clusters -> gene pathway [33]
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ically extracted biological information to study the topolog-
ical characteristics of gene functional networks. On the other
hand, network information automatically extracted from
text has been investigated in a wide variety of other domains,
such as co-authorship networks [36,37], citation networks
[38,39], and word adjacency networks [40].
There are two general types of gene functional relations
extracted from the literature: co-occurrence relations and
parsed relations. Co-occurrence relations, which represent
the appearance of two entities in the same context, are
one way to represent gene/protein interactions [41,42].
Although not every co-occurrence relation reﬂects an actu-
al interaction between the two genes, statistically signiﬁcant
co-occurrence relations based on a large corpus of litera-
ture may correspond to underlying gene interactions. Pars-
ing relations using Natural Language Processing (NLP)
technology is another approach to gene/protein interaction
extraction. McDonald et al. [43] classiﬁed the NLP
approaches that are used in biological relation parsing into
three categories: syntactic parsing [27]; semantic parsing
[44]; and balanced approach, which use both sentences’
syntactic information and entities’ semantic information
[34,43,45]. These NLP approaches can achieve a high pars-
ing accuracy in gene interaction extraction. For instance,
the Arizona Relation Parser [43] achieved a precision of
over 90% and a recall of over 60%. The advances in text
mining tools make it possible to process large-scale bio-
medical literature and extract gene/protein interactions eﬃ-
ciently with acceptable accuracy.
One should note that due to inherent diﬃculty of text
mining, it is diﬃcult to achieve 100% accuracy in gene/pro-Fig. 1. Literature-based gene netein relation extraction. It is also possible that the extracted
relations do not represent the actual underlying gene func-
tional interactions, wince experimental studies under diﬀer-
ent conditions may have resulted in conﬂicting relations.
Previously well-documented relations may be proven to
be incorrect by later studies. Thus literature-based net-
works can only play a supplementary role to biological
experiments in identifying possible gene functional rela-
tions. Even with these drawbacks, literature-based gene
functional networks provide a compact summary of previ-
ous gene functional relation discoveries and greatly allevi-
ate the information overload problem faced by every
biomedical researcher. Furthermore, we believe structural
analysis of the literature networks can provide valuable
insights into the underlying gene/protein regulation process
as well as the biomedical knowledge creation and explora-
tion process.
Most previous research on network biology was based
on experimental data and manually curated functional
relations. In this paper, we propose a comprehensive
framework for constructing and analyzing gene functional
networks using co-occurrence relations and parsed rela-
tions obtained from automatic processing of a large-scale
corpus of biomedical literature.
3. A literature-based gene functional network analysis
framework
As shown in Fig. 1, our framework consists of four
major steps: document collection, gene/protein interaction
extraction and aggregation, network construction/visuali-
zation, and network analysis.twork analysis framework.
Table 2
Arizona relation parser output
Original sentence Resulting relation
Entity 1 Neg. Connector Entity 2
The transcription of mdm2 gene
is activated by P53
P53 False Activated Transcription of mdm2
gene
Induction of P53 transcriptional activity
leads to increases in mdm2 RNA
Induction of P53 transcriptional
activity
False Leads to
increases
mdm2 RNA
High TP53 mRNA expression [. . .] also
had elevated levels of MDM2 mRNA
High TP53 mRNA expression False Also had
elevated
Levels of MDM2
mRNA
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This step involves collecting of publications from major
biomedical literature repositories. PubMed is the data
source used in this research. Selected keywords are used
to ﬁlter the literature abstracts that focus on a deﬁned
research area. Although both abstracts and full text articles
can be used in our framework for gene/protein interaction
extraction, we chose the abstracts in this research instead of
full text due to several considerations: (1) Access to full text
literature is often limited by copyright restriction [46], while
most public databases provide access to literature
abstracts. (2) Storing and processing large corpus of full
text biomedical literature requires a large amount of com-
putational capability [47]. (3) Abstract usually has higher
information density [48] and result in better quality rela-
tions extracted by text mining techniques. In general, the
abstracts of biomedical literature often contain the most
important ﬁndings and gene/protein interactions of the
research article, while the full text articles may contain
too much detail for the experiments and previous research
ﬁndings. Considering the large number of abstracts we ana-
lyze, the resulting gene functional network may still have
reasonably good coverage of the gene functional relations.
We will leave the formal analysis of the diﬀerence between
network construction using abstracts and full texts for
future research.3.2. Gene/protein interaction extraction and aggregation
In this component, we leverage the textmining techniques
we previously developed to extract the gene/protein interac-
tions from the collected PubMed abstracts. The process con-
sists of twomajor steps: parsing gene/protein relations by the
Arizona Relation Parser (ARP) [43] and aggregating the
parsed relations by the BioAggregate tagger [45].
The Arizona Relation Parser is a generic relation parser
which uses both syntactic and semantic rules to extract
relational triples out of biomedical abstracts. A relational
triple consists of two labeled entities and a labeled connec-
tor. If the sentence contains negation words, it will be not-
ed in the negation tag. The ARP splits the sentences and
tags the entities. It then uses heuristics and grammar
knowledge to parse the relations. Semantic knowledge
based on the UMLS and Gene Ontology is used to correctthe tagging errors and construct the relational triples.
Table 2 gives some examples of ARP output.
The BioAggregate tagger is used to re-process the rela-
tional triples extracted by the ARP into aggregated rela-
tions. In this process, the entities that represent the same
gene with diﬀerent names are aggregated into the same
identiﬁer. If an entity represents a gene product, it will be
aggregated into the identiﬁer of the gene. The connectors
are aggregated into one of the four types of gene functional
relations: activation, inhibition, directional, and unspeci-
ﬁed association. Existing gene and protein nomenclature
and ontology sources, including RefSeq, Locuslink,
HUGO, SGD, and Gene Ontology, are employed to create
an Aggregatable Substance Lexicon and a Feature Lexi-
con. Then a decompositional tagger processes the triples
using the lexicons and transforms them into aggregated
relations. After this process, the interrelationships between
genes and gene products are transformed into gene func-
tional relations in a uniﬁed form. For example, the three
relation triples in Table 2 are aggregated into ‘‘P53 acti-
vates MDM2.’’
The precision and recall of the two tools have been test-
ed in previous research. Compared against a benchmark of
manually extracted relations, the ARP had a precision of
90.8% and a recall of 61.0%. In identifying genes and inter-
actions in ARP relations, the BioAggregate Tagger had a
precision of 81.7% and a recall of 51.4% [43,45]. Although
the average recall is not very high, the overall recall of the
whole network can be improved when the large volume of
biomedical literature is taken into account. The same rela-
tion may appear multiple times in diﬀerent papers and the
probability that a relation is missing during the extraction
process decreases signiﬁcantly with multiple occurrences in
the entire literature.3.3. Network construction/visualization
After the relations are extracted, they are used to con-
struct two types of literature-based gene functional net-
works (the gene products are mapped to the encoding
genes): a Parsed Network consisting of the parsed gene
functional relations and co-occurrence networks consisting
of gene/protein co-occurrence relations.
To construct the Parsed Network, we include only aggre-
gated relations with both entities recognized as genes or
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has a time tag which indicates the ﬁrst time it was docu-
mented in biomedical literature. We exclude the relations
with a true negation tag because they do not directly reﬂect
the connection between genes in reality. For our study we
also disregard the direction and connector type of the
parsed interactions.
For the co-occurrence networks, two aggregated entities
(as identiﬁed in the aggregation process) are considered
connected if they appear in the same abstract. Using the
co-occurrence relations extracted from a large body of
abstracts, we can generate a co-occurrence network in
which the existence of a link indicates that two genes or
gene products co-occurred in at least one abstract. As co-
occurrence relations appeared multiple times are more
meaningful, we create a Reduced Co-occurrence Network
by only including the high-frequency co-occurrence rela-
tionships and reduce the network to the same scale as the
Parsed Network. In our research we focus on analyzing
the Reduced Co-occurrence Network, while the results of
the original co-occurrence network are also reported. The
latter is referred to as the Co-occurrence Network
hereinafter.
In this research, we use the manually curated TransPath
database [49] as a benchmark. The TransPath database
contains the reactions of genes and gene products. We
map all the gene products to the corresponding genes and
study the TransPath regulatory pathways at the gene level.
The network contains the gene functional relations validat-
ed by domain experts, which we called the Curated Net-
work. In our study, we treated the relations in the
Curated Network as the correct underlying relations of
the P53 pathway in order to assess the information quality
of the diﬀerent types of literature networks included in our
framework. In practical applications, it is also possible that
the relations extracted from large corpus of biomedical lit-
erature can supplement the existing manually curated dat-
abases of genetic relations or even identify and correct the
errors in these databases.
The three networks can be visualized and analyzed using
network visualization tools, such as GeneScene visualizer
[50] or Cytoscape [5]. Such tools can be used by biologists
to inspect the details of the network. In this research, we
focus more on analyzing the global structure of the
networks.
3.4. Network analysis
This part of our work addresses the characteristics of the
gene functional networks constructed from the literature. It
consists of three components: topological analysis, topolo-
gy–function relationship analysis, and temporal analysis.
As the gene functional relations extracted from literature
represent experimental results under various conditions
and treatments in diﬀerent species and tissue or cell types,
the resulting network is a comprehensive picture overlaid
with information from various sources rather than a pre-cise snapshot of any particular cellular settings. This kind
of integrated networks may enable researchers to identify
missing links or unknown interactions in a given biological
system and can potentially facilitate the processes of
hypothesis development and new knowledge discovery.
3.4.1. Topological analysis
For network topological analysis, we apply several
topological measures to the inference of the underlying
mechanisms governing the gene functional network. The
main topological measures we adopt are described as fol-
lows [1,9]:
(1) Average path length l: The average value of the short-
est path lengths between any pair of nodes in the
network.
(2) Network diameter D: The maximum value of the
shortest path lengths between any pair of nodes in
the network.
(3) Clustering coeﬃcient C: The network’s clustering
coeﬃcient C is the average of each node’s clustering
coeﬃcient C 0. A node’s clustering coeﬃcient is the
ratio of the number of edges between the node’s
neighbors to the number of possible edges between
those neighbors.C0 ¼ number of edges between the neighbors
possible number of edges between the neighbors(4) Average degree Ækæ: The average number of links that
a node has to other nodes.
(5) Degree distribution P(k): Degree distribution gives
the probability that a selected node has exactly k
links.P ðkÞ ¼ NðkÞ
NN(k) is the number of nodes with k links; N is the
total number of nodes.
A network may contain several components. A compo-
nent is an isolated sub-network in a disconnected network.
A node in one component can reach any node in the same
component but cannot reach a node outside the compo-
nent. We also measure the number of components (NC)
of the network.
3.4.2. Topology–function relationship analysis
In this part, we study the relationship between some
topological characteristics and their biological implica-
tions. We investigate the relationship between the gene
degree in the literature-based networks and the validation
of the gene’s relation to a domain. We study the relation-
ship between gene clusters and gene pathways in the litera-
ture-based networks.
Previous research on experimental data shows that
high-degree nodes in a gene functional network are more
essential [13,21].We consider genes and gene functional rela-
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well-studied and validated. For each group of genes with
the same degree in each literature-based network, the per-
centage of genes that are in the overlap part of Curated Net-
work and the literature-based network is calculated. We
hypothesize that high-degree genes have higher probability
to be existed in the validated gene group. In other words,
there is a positive correlation between gene degree and the
validation of the gene’s relation to a domain.
As genes in the same pathway tend to have more interac-
tions with each other, they may form a closely related local
cluster. To study the relationship between network clusters
and gene pathways, we use an clustering algorithm pro-
posed by Newman and Girvan (N–G algorithm) [51] to ﬁnd
clusters in the network, because of its reported good cluster-
ing performance in utilizing network topological informa-
tion in network node clustering [52]. In this algorithm, a
network measure, link betweenness, is used as the distance
between genes. The links are removed from the network
one by one according to their link betweennesses in
descending order. Each time a link is removed, the link
betweenness measure of the network has to be recalculated.
After removing some links, the network’s cluster modular-
ity Q = Tr(E)  ||E2|| is calculated (E = {eij| eij is the frac-
tion of the links that link nodes in cluster i with nodes in
cluster j}. Tr(E) is the trace of matrix E. ||E2|| is the sum
of the elements of matrix E2.) [51]. Among all the cluster
partition solutions, the one with the highest cluster modu-
larity is selected, so that the number of its intra-cluster links
is maximized and the number of its inter-cluster links is
minimized. The clustering result is evaluated by the biolo-
gists at the Arizona Cancer Center in terms of correspon-
dence between the clusters and gene pathways.
3.4.3. Temporal analysis
As the gene functional relations in the Parsed Network
are stamped with the time of their ﬁrst appearance in the
literature, the temporal dimension of the network docu-
ments the discovery history of gene functional relations.
We study the temporal characteristics of the Parsed Net-
work by year. For each year T, a sub-network of the Parsed
Network is studied, which includes all gene functional rela-
tions reported in abstracts published before the end of year
T. The Parsed Network’s temporal evolution may provide
valuable insight on the knowledge exploration process in
biomedical domains.
Although gene/protein co-occurrence relations also have
a timestamp indicating the time of the gene pair’s ﬁrst co-
occurrence, such a timestamp is not a reﬂection of the dis-
covery of the gene interaction. Thus we do not study the
temporal co-occurrence network.
4. The P53 testbed
The well-studied P53 tumor suppressor gene plays a cen-
tral role in the regulation of apoptosis and cell cycle arrest
in cancer development. Because of the wide interest andrich literature on P53, we created a P53-related testbed to
demonstrate the application of our framework. By includ-
ing PubMed abstracts that contain various names of P53
and other genes in the P53 pathways, we identiﬁed a test-
bed of 87,903 abstracts (1975–2003). From these abstracts,
we extracted 51,033 distinct entities and 44,864 relational
triples using the ARP. The parsed relations were aggregat-
ed into 4233 genes and 33,968 relations, which are used to
construct a Co-occurrence Network. Among these relations,
the 6875 non-negation interactions with genes on both
sides, which contain 2045 genes, are used to construct a
Parsed Network. After pruning the Co-occurrence Network
to the same scale as the Parsed Network, we obtained a
Reduced Co-occurrence Network with 2017 genes and
10,104 relations which contains the co-occurrence relations
that appeared in two or more abstracts.
We constructed the Curated Network based on the
TransPath database (version 5.1), which contains 17,054
reactions in various regulatory pathways. In these reac-
tions, we identiﬁed the reactions whose reactants and prod-
ucts are either human genes or their products and mapped
the reactions to the relations at gene level. The abstract net-
work, which contains 657 relations between 454 human
genes, is deﬁned as the Curated Network. This network
serves as a benchmark of well-recognized, true gene func-
tional relations, curated by human experts.
5. Empirical results and discussion
5.1. Topological analysis
The topological measures of the four gene functional
networks, Curated Network, Parsed Network, Co-occur-
rence Network, and Reduced Co-occurrence Network, are
shown in Table 3. Degree distributions of these networks
are shown in Fig. 2.
All four networks are composed of several components.
They all have a giant component which has most of the
genes in the network. For example, the giant component
of the Parsed Network contains 96% (1967/2045) of the
nodes and 99% (6050/6092) of the links. Components are
separated sub-networks in which all gene pairs are connect-
ed by at least one path. Thus, one gene may aﬀect other
genes in the same component through the gene interac-
tions. The existence of the giant components, which is also
found in other biological networks [24], indicates a high
degree of interdependency between the genes involved in
cellular processes.
Table 3 shows that all four networks have a large clus-
tering coeﬃcient and a small average path length compared
to random networks of the same size. For example, the
Parsed Network has a much larger clustering coeﬃcient
(0.3149) and a smaller average path length (3.318) than
those of a same-size random network (0.0029 and 4.271,
respectively). These properties reﬂect the small-world char-
acteristics of the networks. A small average path length
indicates that one gene’s eﬀect can be quickly propagated
Table 3
Topological analysis of gene/protein interaction networks
Networks Curated
network
Parsed
network
Co-
occurrence
network
Reduced co-
occurrence network
Nodes 454 2045 4233 2017
Links 657 6092 33,968 10,104
Ækæ 2.894 5.958 16.050 10.019
l 4.441 3.318 2.884 2.891
lrand 5.757 4.271 3.009 3.302
C 0.0459 0.3149 0.6254 0.6769
Crand 0.0064 0.0029 0.0038 0.0049
D 11 8 8 8
Nc 21 37 51 30
Nodec 401 1967 4125 1956
Linkc 624 6050 33903 10071
Nodes: Node number; Links: Link number; Æk æ: Average degree; l:
Average path length; C: Clustering coeﬃcient; D: Network diameter; lrand:
Average path length for the same size random network; Crand: Clustering
Coeﬃcient for the same size random network; Nc: Number of compo-
nents; Nodec: Number of nodes in the largest component; Linkc: Number
of links in the largest component and degree distribution.
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Fig. 2. Degree distribution of the gene functional networks.
460 X. Li et al. / Journal of Biomedical Informatics 40 (2007) 453–464to other genes in the biological process. A large clustering
coeﬃcient indicates that the genes interacting with one
gene tend to interact among themselves as well. In other
words, there is a probability of the existence of local
clusters.
From Table 3 we can observe that there is a major dif-
ference in the size of the Reduced Co-occurrence Network
and the Co-occurrence Network, but their average path
length and clustering coeﬃcient are quite similar. In the
Co-occurrence Network genes appearing in the same
abstract form a fully connected cluster, and the network
is made up of those local clusters. Thus the Co-occurrence
Network has a high clustering coeﬃcient and a small aver-
age path length. The Reduced Co-occurrence Network is
formed by removing weak co-occurrence relations that
only occurred in one abstract, which might not represent
an actual gene functional relationship. The similarity in
the topological measures of the two networks indicates that
removing the rarely appearing co-occurrence relationsfrom the network does not substantially change the net-
work topology.
Although the four networks have similar average path
lengths, there is a large diﬀerence in their clustering coeﬃ-
cients. The clustering coeﬃcients of the Reduced Co-occur-
rence Network (0.6769) and the Co-occurrence Network
(0.6254) are about twice as large as that of the Parsed Net-
work (0.3149) and 20 times larger than that of the Curated
Network (0.0459). The substantial diﬀerence in clustering
coeﬃcients reﬂects the nature of the three diﬀerent net-
works in local cluster (highly connected sub-graph) forma-
tion. The Curated Network has the relations carefully
collected by domain experts. The most notable and impor-
tant relations are documented, which we refer to as gene
pathways. The small clustering coeﬃcient indicates that
the pathways in the Curated Network do not have signiﬁ-
cant local clusters. Comparing the Reduced Co-occurrence
Network and the Parsed Network, we can see that although
the two networks have similar numbers of genes, the
Reduced Co-occurrence Network has a much larger cluster-
ing coeﬃcient. This indicates that the Reduced Co-occur-
rence Network captured many more relations and has
more signiﬁcant local clusters.
In addition, based on the average degree measure, the
density levels of the networks are diﬀerent. Biologists from
the Arizona Cancer Center reviewed some examples of the
diﬀerent networks consisting of the same group of genes.
They found that the Curated Network only contains the
most important interactions. The Parsed Networkmay pro-
vide a more complete gene functional network than the
Curated Network. The two Co-occurrence Networks are
close to fully-connected networks. The Parsed Network
contains less noise than the Reduced Co-occurrence Net-
work, which may potentially hide important interactions.
Fig. 2 shows that the degree distributions of the four
networks are close to a straight line, indicating that they
follow a power-law distribution. A power-law distribution
means that the number of nodes with a certain degree in
the network decreases quickly when the degree increases.
The degree distributions of the Parsed Network, the
Reduced Co-occurrence Network, and the Co-occurrence
Network also show a heavy tail, corresponding to the group
of genes with a very large degree. While the power-law
degree distribution (revealing a scale-free property of the
network) with a heavy tail was also reported in other types
of large-scale networks, it seems to have a biological impli-
cation in our context. In our P53 testbed, there are only a
few high-degree genes in the network, but they aﬀect many
other genes. These high-degree genes may be the central
players in the P53 pathway and related cellular processes.
For instance, TP53, JUN, FOS, MYC, TNF, IL6, IL1B,
and MAPK8 are among the top ten genes with the largest
degrees in both the Parsed Network and the Reduced
Co-occurrence Network. Being transcriptional factors, cyto-
kines, or kinases, these genes are actively involved in regu-
lation of cell proliferation, diﬀerentiation, inﬂammation,
apoptosis, or tumor development [53–55]. Many of them
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Fig. 3. High-degree genes have higher probability to be documented in a
human-curated knowledge base.
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point for multiple biochemical signals, which is consistently
reﬂected by their high degree in the networks.
The scale-free characteristics of the networks in our
research may have two causes. (1) The actual gene interac-
tions in biological processes follow the power-law distribu-
tion. (2) As our data is on the discovered genes and
relations in the literature, the scale-free characteristics
might be a result of the collective knowledge creation and
accumulation process of human beings—researchers tend
to conduct research related to the known important genes.
We will discuss this again in the temporal analysis section.
5.2. Topology–function relationship analysis
5.2.1. Essential genes
As discussed before, genes with large degrees in a litera-
ture-based network of a particular domain (P53 related in
our case) were documented to interact with many other
genes and are likely to be central players of that domain.
To further explore this relationship, we used the Curated
Network as a benchmark to study the Parsed Network
and two co-occurrence networks to see whether high degree
genes are more likely to be documented in a human-curat-
ed knowledge base and validated by experts to be relevant
to the P53 pathways. The result is shown in Fig. 3 and
Table 4. In Fig. 3, we divided the genes into 11 groups
according to their degrees. The percentages of validated
genes (genes appeared the Curated Network) for the three
literature-based networks are reported. The results show
that the Parsed Network and the Reduced Co-occurrence
Network has higher validated gene percentages than the
Co-occurrence Network in most of the groups. From
Fig. 3, we can observe that high-degree genes in the litera-
ture-based networks are more likely to be validated genes.
For example, for the genes with a degree between 1 and 5 in
the Parsed Network, 1.67% are validated genes (i.e., genes
appeared in the Curated Network), while for the genes with
a degree larger than 50, 45% are validated genes. For these
degree-based gene groups we observe a positive correlation
between the group index (0 representing degree 1–5, 1 to
represent degree 6–10, etc.) and the percentage of validated
genes. This correlation (thereafter referred to as degree-val-
idation correlation) reveals the quality of the literature net-
work in terms of identifying essential genes using gene
degrees. We calculated the Pearson correlation coeﬃcient
[13] between group index and percentage of validated genes
for the three literature networks. As shown in Table 4, the
degree-validation correlation coeﬃcient of the Parsed Net-
work (0.866) is the highest among the three networks, fol-
lowed by the Co-occurrence Network (0.751). The degree-
validation correlation coeﬃcient of the Reduced Co-occur-
rence Network (0.590) is much smaller than the other two
networks. These results show that a gene’s degree in the
Parsed Network is most informative regarding whether this
gene is central to the P53 pathway comparing with the
other two networks.5.2.2. Gene clusters
To study the relationship between cluster structures and
gene pathways, we used the N–G algorithm [51] to identify
gene clusters. As we mentioned in Section 3.4.2, the link
betweenness measure has to be recalculated each time we
remove a link from the network. To ﬁnd an appropriate
cluster partition, this measure has to be calculated multiple
times. Because of the intensive computational requirements
of the clustering algorithm, we restricted the number of
Table 4
High degree genes are essential
Gene
degree
Group
index
Validated genes %
Parsed
network
Co-occurrence
Network
Reduced co-
occurrence network
1–5 0 1.67 0.68 1.71
6–10 1 4.50 1.29 5.58
11–15 2 8.05 4.33 5.74
16–20 3 5.26 5.85 10.67
21–25 4 14.29 8.55 11.11
26–30 5 11.76 9.64 11.11
31–35 6 11.11 5.08 30.77
36–40 7 10.00 5.71 10.00
41–45 8 33.33 7.69 0.00
46–50 9 28.57 9.52 16.67
>50 10 44.83 24.37 42.25
Correlation
coeﬃcient
0.866 0.751 0.590
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462 X. Li et al. / Journal of Biomedical Informatics 40 (2007) 453–464genes (relations) in the clustering process. For the Parsed
Network, we only kept the interactions that appeared in
more than one paper. We also further reduced the Co-
occurrence Network to about the same size as the reduced
Parsed Network, based on occurrence count. The reduced
Parsed Network contains 618 genes and 2704 relations.
The further reduced Co-occurrence Network contains 848
genes and 2,984 relations, covering the co-occurrence rela-
tions appearing in three or more abstracts. The clustering
algorithm identiﬁed 31 clusters from the reduced Parsed
Network and 40 clusters from the further reduced Co-
occurrence Network.
Due to the diﬃculty in evaluating gene clusters, we con-
ducted a small-scale evaluation study of gene clusters gen-
erated. We found that most clusters are related to one or
two dominant pathways. Five generally consistent clusters
appearing in each of the networks were reviewed by a
Ph.D. researcher in biology. The clusters were compared
with well-documented gene interactions and pathways in
public resources, including KEGG, Entrez Gene, OMIM,
and PubMed. Table 5 shows the accuracies of the clusters,
deﬁned as the percentage of related genes in the clusters
(The related genes are relevant to the dominant pathway(s)
according to the knowledge sources we used). The ﬁve clus-
ters all have relative high accuracies, which imply that most
genes that are clustered together are involved in the same
pathway. The expert also found some ‘‘possibly related
genes’’ in the clusters. Although there is no evidence ofTable 5
Gene clusters and gene pathways
Dominant pathways of the cluster Parsed network cluster
Cluster size Related genes
P53/apoptosis pathway 83 54
Cytokine signaling & immune response 74 59
Cell cycle regulation & tumorigenesis 53 39
MAPK signaling pathway 45 39
Small GTPase mediated signaling 24 22the direct interaction between these genes and the dominate
pathways, they may interact with the genes in the pathway
indirectly. These ‘‘possibly related genes’’ could provide
hints to biologists for further studies that may lead to
new discoveries.
5.3. Temporal analysis
The large-scale high-quality gene functional relations in
the Parsed Network also allow us to perform temporal
analysis on the evolution of the network of gene functional
relations.
Fig. 4 shows the evolution of the number of nodes and
links of the Parsed Network. We observed consistent
growth in the number of new interactions and genes, espe-
cially in recent years (after 1991). The decrease in the num-
ber of newly discovered gene functional relations in 2003 is
because of incomplete data at the time of study. Except for
that, there is no indication of the network’s convergence to
a ﬁxed set of genes. It is possible that more genes involved
in the P53 pathway will be identiﬁed.
In Fig. 5, the preferential attachment test [56] shows
more details about the expansion of the Parsed Network.
The preferential attachment tests for the years from 1976
to 2003 follow similar patterns. We only reported results
for the most recent ﬁve years to make the graph easier to
read. The straight line of cumulative preferential attach-
ment K(k) with positive slope in the log-log graph means
that node i’s probability to get new links Pi(k) is propor-
tional to its degree k. Thus, the probability a gene will be
found to interact with other genes is proportional to theCo-occurrence network cluster
Related genes % Cluster size Related genes Related genes %
65.06 76 48 63.16
79.73 107 76 71.03
73.58 53 39 73.58
86.67 36 30 83.33
91.67 10 8 80.00
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Fig. 5. Preferential attachment test.
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that researchers tend to focus more on the well-studied
genes and study the gene functional relations related to
them. This analysis shows evidence that the nature of the
collective research exploration process at least partially
account for the observed power-law degree distribution
of the literature-based networks reported earlier in Section
5.1.6. Conclusions and future directions
In this paper, we described a comprehensive framework
for constructing and analyzing large-scale literature-based
gene functional networks. We focused on constructing lit-
erature-based networks using gene functional relations
parsed from sentences and gene co-occurrence patterns in
biomedical abstracts. Three types of useful analyses,
including network topological analysis, topology–function
relationship analysis, and temporal analysis, were conduct-
ed to analyze both types of literature-based networks. We
demonstrated the application of this framework using a
testbed of PubMed abstracts related to P53 pathways.
In the P53 dataset, the gene functional networks extract-
ed from literature using the NLP approach (Parsed Net-
work) and using the co-occurrence approach (Reduced
Co-occurrence Network), and the gene functional network
manually curated by domain experts (Curated Network)
show similar topological characteristics. These networks
all have small-world and scale-free properties. Comparison
of the networks shows that the Reduced Co-occurrence Net-
work contains more signiﬁcant local clusters than the
Parsed Network, while the Parsed Network contains less
noise than the Reduced Co-occurrence Network.
We found that high-degree genes in the literature-based
network are more likely to appear in the manually curated
gene functional network. Genes in the literature-based net-
works’ clusters are highly related to each other, many
belonging to the same pathway or inter-linked pathways.
The evolution of the Parsed Network shows preferentialattachment characteristics, which is consistent with other
large-scale networks.
In future research, we will extend the scope of our stud-
ies to other research topic areas such as cancer-related
genes. We will combine gene functional networks from dif-
ferent sources to form a comprehensive network and study
its topological features and evolution. We will also consider
including the direction of the interactions in analysis.Acknowledgment
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